Introduction
In recent years, researchers have begun to examine the relationship between violence, crime and mental health in neighborhoods and communities. Underlying this interest is a recognition that disadvantage and crime can have an impact on public health outcomes (Curry, Latkin & Davey-Rothwell, 2008; Franco, Diez-Roux, Glass, Caballero & Brancati, 2008; LaVeist & Wallace, 2000; O'Campo, Xue, Wang & Caughy, 1997) . Living in an area with high levels of violence is hypothesized to lead to high levels of stress, which is in turn seen to increase the likelihood of the development of mental health problems. Overall, studies suggest that neighborhood conditions such as crime and violence have strong impacts on mental health (Curry et al., 2008; Dustmann & Fasani, 2016; Stockdale et al., 2007) . For example, witnessing community violence is strongly related to symptoms of depression and anxiety (Buckner, Beardslee, & Bassuk, 2004 ). Exposure to community-level violence also has been documented to increase rates of depression and anxiety and can lead to developmental problems among youths (Berman, Kurtines, Silverman & Serafini, 
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1996; Fitzpatrick, Piko, Wright & LaGory, 2005; Smith & Tolan, 1998) . Violent victimization has also been found to increase depression among low-income African-American youth (Fitzpatrick & Boldizar, 1993) .
Individual-level risk factors associated with mental health problems, particularly depression, have been noted often in research, but more recently, attention has shifted to examining neighborhood-level risk factors, predominately neighborhood socioeconomic status but also measures of residential mobility, physical and social environment, access to resources, and social capital (Echeverr ıa, Diez-Roux, Shea, Borrell & Jackson, 2008; Galea et al., 2007; Ross, 2000; Silver, Mulvey & Swanson, 2002; Weich, Twigg, Holt, Lewis & Jones, 2003) . Studies have also started to examine the causal mechanisms through which these macro-level forces impact individuals' mental health and well-being (Curry et al., 2008; Dup er e & Perkins, 2007; Latkin & Curry, 2003; Mair, Diez-Roux, & Morenoff, 2010; O'Campo et al., 2015; Ross & Mirowsky, 2001; Stockdale et al., 2007) . Kim (2008) conducted a systematic review of 28 studies that examined the relationship between neighborhood characteristics and adult depression, finding mixed results regarding the association between community-level factors and individual-level depression. About half of the studies found that neighborhood socioeconomic status and other SES-related characteristics like physical environment and neighborhood services, were related to depression in the expected direction, while the other half found null results. Mair, Diez-Roux, and Galea (2008) also conducted a review of 45 studies on neighborhood characteristics and depression or depressive symptoms, with similar findings with regard to structural characteristics like socioeconomic status, racial composition, and residential mobility. Measures of social processes, such as disorder, social interactions, and exposure to violence were more consistent, with many studies finding significant relationships with depression in the expected direction (Mair et al., 2008) . Overall, these reviews conclude that neighborhood characteristics, both risk and protective factors, contribute to mental health and well-being at the individual-level beyond individual characteristics. However, the authors discuss the difficulty of making comparison across studies due to factors such as the variation in populations studied, measurement of neighborhood characteristics, and size of geographic units. Studies that examine community-level factors on health are often not designed to examine these questions more generally, focusing specifically on vulnerable groups such as minority women (Cutrona et al., 2005) , youth and adolescents (Aneshensel & Sucoff, 1996; Fitzpatrick & Boldizar, 1993; Simons, Murry, McLoyd, & Lin, 2002; Smith & Tolan, 1998) , older adults (Aneshensel et al., 2007; Kubzansky et al., 2005) , or drug users (Curry et al., 2008) . Additionally, while studies have examined neighborhood characteristics that are strongly related to crime, much less research has examined the direct impact that crime at the communitylevel may have on mental health, particularly very high crime areas. Living in high crime areas may, for example, increase exposure to violence, victimization, fear, withdrawal, and avoidance behavior, that can subsequently have negative impacts on residents' mental health (Braakman, 2013; Butcher, Galanek, Kretschmar, & Flannery, 2015; Fitzpatrick et al., 2005; Mair et al., 2010; Pearson, Breetzke & Ivory, 2015) .
Furthermore, much of the research has been done at census block groups and census tracts, or units of similar size in other countries, and we are not aware of any studies that focus on mental health at microgeographic units of space. Mair et al. (2008) recommended examining various spatial areas to better understand the spatial patterning of health outcomes and improve theory on the role of one's immediate or broader spatial context on health. It may be, for example, that findings are mixed and less consistent than expected due to the spatial scale of these large community areas, where if we were to examine more closely the place surrounding someone's residence, we may see more consistent findings.
The assumption that links these studies is that the influence of place is at a meso-or macro-geographic level. Over the last two decades there has been a growing recognition of the importance of microgeographic areas in the production of crime problems (Braga & Clarke, 2014; Weisburd, Bushway, Lum, & Yang, 2004) . Beginning with a seminal study by Sherman, Gartin, and Buerger (1989) , criminologists have begun to recognize that crime is very concentrated at small microgeographic units. Sherman et al. (1989) found that just 3.5% of the addresses in Minneapolis produced 50% of all calls for crime to the police. Similar levels of concentration have been found in a series of studies examining different indicators of crime at microgeographic units such as street segments, facilities, and small clusters of street segments (e.g., see Andresen & Malleson, 2011; Eck, Clarke & Guerette, 2007; Linnell, 1988; Pierce, Spaar & Briggs, 1988; Sherman, 1995; Taylor, 1997; Weisburd & Green, 1995; Weisburd, Groff & Yang, 2012; Wheeler, Worden & McLean, 2016) . In a recent study, Weisburd (2015) examined five large cities and using a similar measure of crime and geography (street segments) found that about 5% of streets in larger cities produce 50% of recorded crime and about 1% of streets produce 25% of recorded crime. He argues for a "law of crime concentration" at microgeographic units.
Violent crime has also been shown to cluster in crime hot spots. For example, in Boston, Braga, Hureau and Papachristos (2010) examined incidents of gun violence between 1980 and 2008. They found incidents of gun violence were concentrated and stable over time, with nearly 75% of incidents concentrated at less than 5% of street segments and intersections. They also reported that between 1% and 8% of street segments and intersections were responsible for nearly 50% of all commercial robberies and 66% of all street robberies (Braga, Hureau & Papachristos, 2011) .
It is important to note in this regard that the concentration of crime more generally, and violent crime specifically, at crime hot spots is not simply a rarification of meso-or micro-area trends. A number of studies now show that crime hot spots are spread throughout the city, and not concentrated in a specific neighborhood or area (Andresen & Malleson, 2011; Groff, Weisburd & Yang, 2010; Oberwittler & Wikstr€ om, 2009; Steenbeek & Weisburd, 2016; Weisburd et al., 2012) . In a 16-year longitudinal study of crime in Seattle, Washington, it was found that higher crime street segments are not distributed at random, and are more likely to be closer to each other than would be predicted simply by chance (Weisburd et al., 2012) . But these indications of macro-geographic influences were much outweighed by evidence of the importance of looking at crime at the micro level:
These maps, as well as others reviewed in this section, reinforce the spatial heterogeneity at the street segment level that we illustrated with simple descriptive maps earlier in the chapter. Street segments of one pattern are very likely to be surrounded by street segments of a different crime trajectory pattern. While there is evidence of clustering, or positive autocorrelation of trajectory patterns (especially for crime free and low stable crime patterns that include a large proportion of the street segments in the city), our analyses overall suggest that crime patterns are interspersed throughout the city. (Weisburd et al., 2012, p. 86) Based on this work, our study seeks to examine whether a relationship can be found between violent crime and mental health problems at a microgeographic unit of analysis. Drawing from a large National Institutes of Health survey conducted at street segments in Baltimore, MD, we look at the relationship between self-reported symptomology for depression and post-traumatic stress disorder (PTSD) and living within a violent crime hot spot. Our findings support the hypothesis that mental health and violent crime are strongly related at microgeographic units of analysis. We then examine to what extent this relationship is due to selection factors that bring residents to specific types of streets, and whether it is violent crime on those specific streets or violent crime in the nearby area that influences mental health outcomes. Our findings suggest that observable selection factors do not account for the salience of the street segment environment for both self-reported depression and PTSD. Regarding geographic influences, we find an important area effect for both mental health measures, and additional impact of the specific street of residence for PTSD.
The Study
In this paper, we examine 2,724 subjects surveyed in 2013-2014 in Baltimore, Maryland, a large Eastern Seaboard City with serious crime problems. The city includes a population of over 630,000 people living within 80.8 square miles. Baltimore is 64% African American, and has a poverty rate of 24% (U.S. Census Bureau, accessed 2015) . Violent crime has declined significantly in the city since the mid-1990s following national trends.
This paper focuses on 328 of the 25,045 street segments in the city: 181 violent crime hot spots, and 147 comparison segments that reflected cool (N = 100) and cold spots (N = 47) of crime (see below).
1 A street segment was defined as both sides of the street between two intersections. Street segment type was based on police calls for service. We used calls for service as our measure of crime because they are likely to capture a broader array of information on citizen concerns about crime, and less likely to be censored by police processing than crime arrests or crime incidents (Black, 1970; Sherman et al. 1989; Weisburd et al., 2012) . Our threshold for violent crime hot spots was 17 violent crimes in the selection year (2012; about the top 3% of violent crime segments in the city). We included only residential streets that had at least 20 residences in our sampling frame, because we were interested in developing a minimum survey sample of seven respondents on each street segment. The goal of the survey was to understand the impact of living in crime hot spots on a number of social outcomes, including mental health, from a large representative sample of residents living on these streets.
Non-hot spot or comparison segments included all streets that did not meet the hot spot street thresholds (in addition to being below the violent crime threshold they also were required to be below a drug crime threshold of 18 calls). Based on a review of the distribution of crime, we selected out streets with three or fewer crime calls for drug or violent crime, and defined them as "cold" spots. The remaining non-hot spot streets are defined as "cool spots" in our study.
Street segments were chosen from the final universe of streets in that category through a random sampling procedure developed in Model Builder (in ArcGIS) that prevented any two sample streets from being within a one block buffer area. Figure 1 shows the location of the different types of street segments within the city studied. As is apparent from Figure 1 , there is a good deal of mixture within areas between the segments of different types, although hot spots are more likely to be located in the central areas of the city.
Face to face surveys were carried out at a random sample of residences on the sampled streets. Interviewers went to the identified streets in random order (identified within small area clusters), and interviewed the first adult resident contacted who had lived on the street for at least 3 months. They returned to the same streets an average of four times and as many as 25 times. The interviewing time frame included mornings, afternoons, and early evenings. After accounting for abandoned housing, our contact rate was 71.2%. The cooperation rate was 60.5%, which is above average for door to door surveying (Babbie, 2007; Holbrook, Krosnick & Pfent, 2008) . Surveys took an average of 20 minutes and respondents were given $15 for their participation. The survey was conducted between September of 2013 and May of 2014 with an average of eight surveys completed on each street (Min = 6; Max = 14). Appendix S1A shows the survey measures that were used in this paper.
Mental Health Measures
Post-traumatic stress symptomology was assessed using a short screening scale for PTSD based on the DSM-IV (Breslau, Peterson, Kessler & Schultz, 1999; Kimerling et al., 2006) . First, respondents were asked whether they had experienced a traumatic event such as abuse, a serious accident, or an act of violence at some point in his or her life. When a respondent indicated that he or she did not experience such an event they were scored a 0 on our scale. When respondents indicated that they had experienced such an event, the interviewer followed-up with the seven-question scale, which asks the respondent to indicate "yes" or "no" to items that measure PTSD symptoms such as avoidance, numbing, and hyperarousal. A count measure of the number of positive responses to the seven items was used in the analyses for PTSD symptomatology.
For the depression symptomology measure (PHQ9), respondents were asked a series of nine questions that measured affect or mood including: behavior, such as social withdrawal; cognitive symptoms, such as the inability to concentrate or make decisions; and physical symptoms, such as difficulty sleeping (Kroenke, Spitzer & Williams, 2001 ). Responses were scored based on the frequency that the reported symptom occurred in the past month (0 = not at all, 1 = several days, 2 = more than half the days, 3 = almost every day), and these scores were summed to a scale that ranged between 1 and 27.
Methods
For our examination of variation in depression and PTSD symptomology, we compared the means for the three groups of street segments: violent crime hot spots, cool spots, and cold spots. One-way analysis of variance and chi-square analyses were used to examine statistical significance. We used a two-stage method to address potential bias due to selection into street segments. First, we used propensity score matching (PSM) to identify similar sets of subjects from the three street segment types studied (Cochrane & Rubin, 1973; Imbens, 1999; Rosenbaum & Rubin, 1983) . In Appendix S2B, we show the PSM models and characteristics used to match respondents. These included sociodemographic characteristics (race, education, gender, income, education, and work status), family characteristics (marital status, number of children), information on why they moved to the street, tenure on the block, and whether they rent or own. The matching reduced potential bias due to selection into street segments of different types on observable characteristics also related to mental health. We ran two PSMs; the first model was used to match cold and cool spot respondents, and the second model was used to match cool and violent crime spot respondents. We used a caliper of 0.01 to match subjects across street segment types during propensity score analysis and omitted those subjects for whom there were no similar residents in the comparison segment type from the analysis.
This approach produced a sample of 2,136 subjects. Five hundred and eighty-eight subjects were omitted from further analysis due to large dissimilarities in comparison to cool street segment residents or missing data (324 violent crime street subjects, 182 cool spot subjects, 82 cold spot subjects).
2 In the second step, to obtain doubly robust results, we ran weighted negative binomial regression models on successfully matched subjects with errors clustered at the street segment level (Lunceford & Davidian, 2004; Robins, Hern an & Brumback, 2000) . These models included all the covariates used in the propensity score models, and incorporated inverse probability weights calculated from the propensity score model results to more closely balance the distribution of covariates between the matched groups. The model results can be interpreted as the impact on mental health outcomes of moving between segment types, for the type of cool spot resident that could live in any street segment type (if the propensity or model assumptions hold). We also developed a second model, which included area-wide impacts of violent crime at a 3000-ft radius reflecting routine activity spaces near to the hot spots (Andresen & Malleson, 2011; Duany & Plater-Zyberk, 1994; Larsen, El-Geneidy & Yasmin, 2010) . Because we had a strong hypothesis that the violent crime hot spots will have higher rates of depression and PTSD symptomology, we used a one-tailed significance threshold for the impact of violent crime hot spots, and the area wide spatial lag. Table 1 includes the crime call counts for the selection year for each type of street segment. The violent crime hot spot streets on average had 27 violent crime calls (and 160 crime calls overall) in the selection year. In contrast, the cool spots had on average six violent crime calls (and 42 crime calls overall), and the cold spots averaged only one violent crime call (and 17 crime calls overall). We also found that the likelihood of being a victim of a violent crime, which would be expected to exacerbate the symptoms we observed, was much higher for people who live on high crime streets (see Table 2 ). People who lived in the violent crime hot spot group were twice as likely to report violent victimization in the past year when compared to people who lived in cool or cold spots. Table 2 reports depression and PTSD symptomology across the three groups. The differences are large and statistically significant. Mean depression symptomology was 61% higher for individuals in violent crime hot spots than in the cold spots (3.68 vs 2.28). The mean PTSD symptomology scale measure was 0.39 for respondents in the cold spots, and 0.72 for respondents in violent crime spots. This means that post-traumatic stress symptomology is almost 85% higher for residents in the hot spots than the places where there is little crime.
Results
The PHQ-9 and DSM-IV provide guidance on the scaling of depression and post-traumatic stress symptomology that is useful for contextualizing the overall symptomology differences between respondents who live on low and high violent crime segments. For instance, the PHQ-9 defines a person with a sum of 15-27 depression symptoms as having moderately severe to severe depression (Kroenke et al., 2001 ). In our sample, 1.7% of the residents of cold spots had moderately severe or severe depression, and 4.5% of the residents of the violent spots had moderately severe or severe depression. Looking at the moderate threshold for a diagnosis of depression (a score of 10 or higher), we find that 10.8% of residents at violent crime hot spots meet this threshold, but only 3.3% of residents in cold spots meet this threshold. With regard to PTSD, a cutoff score of four symptoms is used to identify persons with PTSD (Breslau et al., 1999; Kimerling et al., 2006) . In our sample, 9.3% of respondents living in violent spots met this criterion, as compared to 4.7% of respondents in cold spots. The rate for the cold spots is similar to national estimates of PTSD (see Kilpatrick , 2013) . Overall, we estimated that 14.8% of residents of violent crime hot spots met thresholds for moderate depression or a diagnosis of PTSD. This can be compared to only 6.5% of residents at the cold spots. Our second research question asked to what extent the relationships observed can be explained by selection factors. Indeed, our data showed higher levels of minorities, and poorer and younger residents on these streets (see Table 2 ). For example, respondents who lived in the violent crime hot spots are 77.7% African American as compared to cold spots which were 43.1% African American. Likewise, respondents were less likely to have completed high school, with 22.8% of persons in crime hot spots lacking a high school education as compared to 6.5% in cold spots. Respondents on the violent hot spot streets were also more likely to be unemployed (38.3%) when compared with residents of cold spots (15.5%).
As described earlier, we used PSM and weighted regression approaches to identify the impact of selection on our findings. Using PSM in a first step, the samples were balanced according to observed covariates. The percentage of bias of comparisons after omitting non-matched subjects was rarely above 10 and never above 20 (see Appendix S2B). As a second step, we used weighted negative binomial regression models for the reduced sample. In Table 3 , we report the model values only for depression and PTSD when controlling for a series of characteristics and attitudes of the respondents without a spatial lag term (see Appendix S3C for full model results). We then took into account potential area impacts with a spatial lag term at 3000 ft.
3
Respondents in violent crime hot spots in the sample continued to have significantly higher levels of depression symptomology than similar respondents on streets with little crime (p < .05) after addressing selection on observables. The incidence rate ratio (IRR) indicated that respondents in the violent crime hot spots have about a 19% higher rate of depression than respondents in cold spots. After introducing the spatial lag term, the relationship was no longer statistically significant. 4 The spatial lag, however, is statistically significant (p < .01). This suggests that it is the level of violent crime in the local area (including the street segment), which is important in understanding depression symptomology, rather than the classification of the street segment itself as a violent crime hot spot.
Respondents in the violent crime hot spots had a 71% higher rate of PTSD than respondents in the cold spots (p < .01) after addressing selection. Including the spatial lag at 3000 ft, the magnitude of the relationship declined to a 46% higher rate than cold spots and remained statistically significant (p < .05). The spatial lag for the nearby area was again statistically significant (p < .05). Accordingly, in the case of PTSD there is both an influence of the local area level of violence, and the specific level of violence (as defined by being in the violent crime hot spot group) of the street.
Discussion
There has been a growing interest in the relationship between mental health and place, although places have generally been defined in the context of meso-and macrogeographies. In studies using these larger geographic units Reference Category: Cold Spot; One-tailed tests of statistical significance are reported. *p < .05. **p < .01. ***p < .001. 3 We created the spatial lag by first creating a centroid for each street segment in the Baltimore city street file with the violent crime counts using the BPD 2012 CFS data in ArcMap. This was done after cleaning the centerline file to remove random breaks in addition to breaks where a true intersection does not exist (e.g., a street changes name in the middle of a street, but where a true intersection with another street does not exist). Those centroids were then loaded into GeoDa to create a spatial lag for each point using a 3000-ft Euclidean distance threshold. Some researchers have emphasized the importance of Manhattan rather than Euclidean distance when assessing area influences (e.g., see Grannis, 1998 Grannis, , 2005 . We agree with this concern for the specific geographies of a city, and recognize the importance of local factors in our identification of street segments as a key unit of study. However, we do not have qualitative information on the access points and specific nature of the street network that would allow a strong modeling of the specific geographies. At the same time, Apparicio, Abdelmajid, Riva and Shearmur (2008) show that the correlation between a Euclidean approach and Manhattan approach (recognizing actual street grid distances) is very high, and generally would lead to similar findings when used as a regression control.
of analysis, people who live in high violence and high crime neighborhoods have been found to have higher risks of mental health problems (Aneshensel & Sucoff, 1996; Clark et al., 2008; Curry et al., 2008; Mair et al., 2008; Wandersman & Nation, 1998; White, Kasl, Zahner & Will, 1987) . Our findings reinforce the hypothesis that there is a relationship between mental health, place, and violent crime, but we are the first to show this relationship at a microgeographic level. We began our paper by asking whether there was a relationship between depression or post-traumatic stress symptomology and violent crime hot spots. Our data showed that residents of hot spots have significantly higher average symptomology scores for both depression and post-traumatic stress disorder than residents of nonhot spot streets. These differences in turn are meaningful in magnitude. We estimated that the percent of residents of violent crime hot spots in our sample that reach a moderate depression symptomology level or a PTSD diagnosis level is more than double that of residents of cold spots. This suggests that there is a strong concentration of needs for mental health services at crime hot spots.
More generally, a focus on crime hot spots provides an opportunity to "lower the scale" of health interventions and provide services more efficiently (Weisburd, Groff & Yang, 2014) . It is one thing to attempt to increase mental health services in an entire neighborhood. It is another to try to reduce problems on specific blocks. Indeed, just as prior studies have found that the application of generalized preventive police patrol across large areas is ineffective and fails to concentrate police at the hot spots where crime is concentrated (Kelling, Pate, Dieckman, & Brown, 1974; Sherman & Weisburd, 1995) , we might speculate that mental health programs aimed at large areas like communities are not concentrating resources efficiently. The concentration of mental health problems we observed suggests that we may also want to concentrate health services.
Moreover, the identification of high levels of mental health problems at crime hot spots suggests the importance of teaming police and mental health professionals on violent crime streets. Over the last decade a number of crisis response (Crisis Intervention Teams, CIT) and "coresponder" programs have been developed that seek to team police and mental health workers to deal with emergency responses to mental health crises. Additionally, proactive police practices targeted at crime hot spots have been found to be effective in reducing crime on the street (Braga, Papachristos, & Hureau, 2014) . Our data suggest the relevance of considering such co-response teams more generally for proactive problem oriented responses at crime hot spots. Such teams could play a role in providing much needed services to residents of high crime streets (see White & Weisburd, 2017) . 5 A focus on mental health and service needs may also provide an effective way of increasing cooperation with the police on high crime streets, and for problem solving to reduce crime and disorder problems (White & Weisburd, 2017 ; see also Vaughan, Hewitt, Andresen & Brantingham, 2016) .
We also noted at the outset the importance of considering selection factors in drawing conclusions about the causal relationship between mental health problems and living in crime hot spots. While one question is whether high violent crime streets have higher levels of mental health problems, another is whether the problems are caused by living on these streets. There is certainly strong theoretical justification for assuming that living on high crime streets could be a causal factor in producing mental health problems (Curry et al., 2008; Latkin & Curry, 2003; Mair et al., 2010; O'Campo et al., 2015; Ross & Mirowsky, 2001; Stockdale et al., 2007) . As we noted earlier, living in places with high levels of violence is seen as likely to lead to high levels of stress which in turn increases the likelihood of mental health problems (Berman et al., 1996; Buckner et al., 2004; Dup er e & Perkins, 2007; Latkin & Curry, 2003; Stockdale et al., 2007) . We found that in the case of both depression and PTSD symptomology, the relationship with living in a violent crime hot spot remained statistically significant even after taking into account observable selection factors. While there may be unobservable factors that condition this relationship, our survey captured a large number of potential confounding factors. This suggests that there may be something about living on these streets, rather than the background characteristics of residents that leads to mental health problems. This is an important finding, although we recognize that our data are observational, and although we tried to take into account selection bias, potential unmeasured biases may still exist.
While background characteristics did not explain the differences we observed, we did find a strong association with cumulative violent crime in nearby areas that are likely to be part of the respondent's routine activities, on both mental health measures. This suggests the importance of placing streets in their contexts, and recognizing that it may be the overall level of violence in the immediate surroundings of a hot spot street that influences mental health outcomes on a street. We measured this by placing a 3000-ft spatial lag from the center of each street examined. The fact that this spatial lag was a significant factor in our models suggests it is capturing important variation. Nonetheless, it may be that specific juxtapositions of streets in a small area have particular influence on social outcomes. Grannis (1998 Grannis ( , 2005 , for example, found that specific types of streets have influence on homogeneity of populations in an area. We encourage future research to explore more directly these influences.
After taking into account violence in nearby areas, living in the hot spot further aggravated PTSD symptomology (although it did not add to depression symptomology). We suspect that this reflects the importance of more immediate and frequent stresses of living on a street where violence is common. As we noted earlier, victimization is much higher on the hot spot streets, and such victimization may be a catalyst for PTSD symptoms. Our work highlights the importance of immediate and frequent stresses associated with living on a high violence street itself (Gapen et al., 2011; Garvin, Branas, Keddem, Sellman & Cannuscio, 2013) .
Conclusions
Our study comparing hot spots, cool spots and cold spots of crime reinforces the importance of place in understanding mental health problems. Following upon studies of mental health and community suggesting a relationship between violence and mental health, we set out to examine whether there was a relationship between violent crime hot spots and mental health at a microgeographic level. Our data show that depression symptomology and PTSD are much higher on violent crime hot spots than at other streets. This suggests the importance of targeting violent crime hot spots for mental health services. At the same time, we examined whether the large differences we observed were due to selection factors. Our data suggest that even after accounting for social characteristics of residents, those who live on violent crime hot spots are significantly more likely to evidence mental health problems. We also found that the immediate context of violence on a street is particularly important in understanding PTSD.
Our study is the first we know of to allow the examination of the relationship between specific types of mental health problems and crime at the microgeographic level. It suggests more generally the importance of taking into account place and crime in understanding mental health. Future research will need to develop methods for unraveling the causal mechanisms underlying this relationship, and better specifying the ways in which different levels of geography interact in influencing mental health outcomes. For now, our study suggests that it is time for public health practitioners to take into account violent crime hot spots in considering how to effectively allocate health services in the city.
